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Metabolic networks have been used to successfully predict phenotypes based on
optimization principles. However, a general framework that would extend to situations
not governed by simple optimization, such as multispecies communities, is still lacking.
Concepts from evolutionary game theory have been proposed to amend the situation.
Alternative metabolic states can be seen as strategies in a “metabolic game,” and
phenotypes can be predicted based on the equilibria of this game. In this survey, we
review the literature on applying game theory to the study of metabolism, present the
general idea of a metabolic game, and discuss open questions and future challenges.
Keywords: metabolic modeling, flux balance analysis, evolutionary game theory, microbial interactions, metabolic
networks
1. INTRODUCTION
Metabolic networks have become a standard model in computational biology and high quality
genome-scale reconstructions are now available for a wide range of micro-organisms as well as of
some eukaryotes. Often the ultimate aim of these models is phenotype prediction, which means
predicting from the genome how an organism would behave in a given environment. In this
context, constraint-based methods, most prominently Flux Balance Analysis (FBA), have a proven
track record in accurately predicting the metabolic behavior of single organisms [1–5].
FBA relies on assumptions about the underlying optimization principles guiding metabolic
behavior, and biomass yield relative to nutrient intake is often chosen as the target of maximization.
While this assumption is often justified when considering single species systems, it becomes
troublesome if one wishes to model several species at the same time [6]. Simple optimization is
usually not enough, because competition and interspecies interactions complicate the situation
considerably. Formulating a “common goal” for a community of organisms can only be done ad-
hoc [7–9]. Moreover, there are situations where even in single species communities, selection can
be unfavorable to optimal choices such as maximizing efficiency in nutrient use [10–12].
Game theory is a branch of applied mathematics originally developed to describe and reason
about situations where two or more rational agents, the “homo economicus,” are faced with choices
and have potentially conflicting goals [13]. All participants want to maximize their own well-
being, but are doing so taking into account that everyone else is doing the same. Thus paradoxical,
suboptimal, outcomes are possible and even common. Evolutionary game theory was born out of
the realization that rational choice can be replaced by natural selection: in the course of evolution
the strategy (phenotype) that would “win” the game would prevail by simply proliferating more
successfully thanks to its success in the “game” [14, 15].
It turns out that phenotype prediction in the context of metabolic networks is exactly the type of
problem that evolutionary game theory was meant to answer: given a set of choices (as defined by a
metabolic network reconstruction), what will be the actual metabolism observed? In other words, if
we culture a set of organisms together in a given medium, which are the phenotype(s) that emerge
as winners?
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In this review, we seek to provide a short introduction to
both evolutionary game theory and its use in the context of
metabolic modeling. We first present the relevant preliminaries
and introduce the idea of a metabolic game. We then further
expand on the idea by reviewing work done on the topic
so far. Finally, we discuss these ideas and contemplate on
future prospects.
We wish to call attention to the fact that our focus
here is strictly on the idea of using the principles of game
theory to reason about metabolic networks. While some papers
that address this topic have been included for the sake of
completeness, we decided to omit part of the related literature
to keep the scope of this review under control. For previous
reviews discussing the use of game theory in the context of micro-
organisms with slightly different emphases, see [11, 16–18].
Game Theory
The main concepts that compose a game are a set of players, a
set of actions for each player, and a payoff function. The players
are the participants in the interaction. In the simplest case, they
can be interchangeable, meaning they all have the same set of
available actions and the same payoff function. A set of actions
defines the choice that each player faces and can correspond for
example to the expressed phenotype. Finally, the payoff function
determines the outcome for each player in each scenario, that is,
a combination of actions chosen by the players.
The simplest game is the 2-player, 2-strategy matrix game. If





whereA and B denote the actions and the entries are payoff values
for the row player. For example, if the row player plays A and the
column player B, the payoffs for the row and column players are
b and c, respectively.
Some of these games have become famous and the actions and




where C stands for “cooperation” and D for “defection,” and the
payoffs, denoted by their initials, are known as “Temptation,”
“Reward,” “Punishment,” and “Sucker’s payoff.” If T > R > P >
S, the game is a Prisoner’s Dilemma (PD). It corresponds to a
situation where the players would both be better off cooperating,
but because they will always have the incentive to defect, they end
up choosing this inferior outcome, hence the “dilemma.”
A common way to analyse games is using a solution concept.
A solution is a state of the game (in other words, a configuration
of actions/strategies) that can be reasonably assumed to follow
from choices made based on some underlying logic. Arguably the
two most well-known examples—as well as the ones most often
encountered in the context of evolutionary game theory—are the
Nash equilibrium [19, 20] and the Evolutionarily Stable Strategy
(ESS) [14]. In a Nash equilibrium, all strategies are chosen in such
a way that no player has an incentive to unilaterally change theirs.
An ESS is a strategy such that if adopted by every member of a
population, a small minority of players using any other strategy
cannot invade. In the Prisoner’s Dilemma, for both players to
choose D is a Nash equilibrium of the game: D dominates the
other action in all scenarios (T > R and P > S) [13]. In this case,
it is also an ESS.
If the payoffs are switched so that T > R > S > P, the
game is called Hawk-Dove or Snowdrift (SD). In contrast to the
PD, in this situation it is still better to cooperate even if one’s
partner fails to do so. Here the Nash equilibrium is to choose an
action opposite of one’s opponent. If mixed strategies are allowed,
meaning a player can choose its action probabilistically, we have
a mixed Nash equilibrium where both players follow the same
strategy of choosing C with some probability (or a portion of the
time). This is also an ESS, and can be interpreted as a population
of individuals that comprises a mix of C- and D-players.
The simple matrix game can be readily extended in two
ways. First, the number of strategies can be increased, effectively
increasing the dimensions of the matrix. This in general leads
to no extra complications apart from eventually requiring
computational tools for the analysis of the equilibrium structure
(see [21–23]). Second, the number of payoff matrices and
players can be increased. In other words, players are no longer
interchangeable and there can be more than two parties in the
interaction. In general, matrix games with more than two players
are much harder to analyse than simpler games [24].
The most prominent multiplayer game is the Public Goods.
It can be thought of as an extension of the PD to more than
two players. In the simplest form, n players each choose whether
or not to make a contribution to the common good. The
contribution has a cost c for the individual, and yields a benefit
r · c that is distributed evenly amongst the group. If r/n < 1,
no one will contribute, even though everyone would be better
off with all members making the contribution. However, this is
true with the kind of linear benefits in the simplest game, but
not necessarily in a more general case where the benefit acquired
can be a non-linear function of the contributions. In Archetti
and Scheuring [25] and Broom and Rychtár̆ [24], it has been
argued that in real situations, benefits are usually not linear, but
for example saturating.
In principle, any population dynamics model can be used
in combination with a game by simply making the growth
rate a function of the payoff. Obviously this requires defining
with whom and how the game is played. For example, it can
be assumed that the population is well-mixed, so that players
encounter different types of opponents in a random fashion
according to their prevalence. The payoff that an individual is
obtaining at a given moment is thus the expectation, calculated
over the different possible encounters. The most commonly used
formulation is the replicator equation [26, 27]. It describes the
dynamics of the frequencies of strategies as:
dni
dt
= ni(Ei − Ē), (1)
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where ni is the relative density of strategy i in the population, Ei
is its expected payoff, and Ē is the average (expected) payoff of
the population.
Adaptive dynamics is a framework that combines the
ecological and evolutionary time scales to study how strategies
will evolve under natural selection [28–30]. Under the
assumptions that changes in strategy undergo gradual mutation
so that each new genotype changes the phenotype only slightly,
and that the mutations occur rarely enough for the ecological
and evolutionary dynamics to be separable, adaptive dynamics
offers a view beyond simply reasoning about the stable points
of evolution such as an ESS. For example, an ESS can be
unattainable through gradual mutations. Adaptive dynamics
can also explain how evolution toward higher fitness in a
homogeneous population can lead to diversity, or so-called
branching of the evolutionary tree [30].
Metabolic Games
A metabolic network (see Figure 1) is represented by the so-
called stoichiometric matrix S with m rows corresponding to the
number of metabolites and n columns to reactions. The standard
steady state assumption:
S · v = 0 (2)
expresses the condition that any flux vector v must render the
net production of all internal metabolites zero. However, this
still leaves the state of the metabolism largely undetermined. In
fact, the steady state condition merely defines the set of possible
metabolic strategies available to the organism, comprising all the
different pathways at its disposal. The question then is what is
the choice made by the organism: which pathways it chooses
to activate.
“Choice” here obviously refers to that made by natural
selection. Thus, the question could be put more appropriately as:
given the environment, as determined by both abiotic factors as
well as the surrounding members of the same and of different
species, what is the best response to this environment. Again,
“best response” refers to the ability to persist in competition with
other members of the community, generally referred to as fitness.
In FBA, the metabolic state is inferred through
straightforward optimization (for an illustration of the FBA
workflow, see Figure 2). A standard choice is the flux through a
biomass reaction. While this is often referred to as growth rate,
strictly speaking it corresponds to growth yield [6, 10] (see also
section 2). It can be seen as fitness maximization in isolation. As
argued throughout this paper, this might not correspond to the
strategy of choice if the surrounding community is taken into
account. However, if the metabolic state is already sufficiently
specified through additional constraints, this growth yield
maximization can still be used to determine the fitness given that
specific choice. We can thus define a metabolic game: the players
are cells, actions are the different metabolic states available to
them, and payoffs are calculated using FBA with additional
constraints specifying the states chosen in each combination
of actions. A schematic representation of this idea is given
in Figure 3.
Consider the toy-model example in Figure 4. The simple
network represents a situation where an organism has two
options for a primary nutrient: A and B. We assume that in
order to efficiently utilize whichever nutrient is chosen, the cell
has to specialize. Thus, uptake of both A and B is not feasible.
Furthermore, nutrient A is superior, yielding 3 units of the
biomass precursor M1 per one unit of A as opposed to a yield of
only 2 for B. Thus, following standard FBA, we would conclude
that by choosing to uptake A at the maximum rate 1, the cell
maximizes its biomass production (vBiom = 3).
We now add a social interaction component by assuming that
the presence of A in the environment is limited (for the sake of
simplicity we assume that B is abundant). This can be modeled by
a simple 2-player matrix game with two actions: to only uptake
A and to only uptake B (denoted by “MS1” and “MS2” resp.).
Should both players choose A as their nutrient, the maximum
uptake rate is halved (vTA ≤ 0.5), reflecting a scarcity of the
compound. In this case, maximizing biomass production only
yields 1.5 (assuming that vTB = 0).
The pure NE of the game is the “anti-coordination” scenario
where the players choose differing strategies. The mixed NE and
as well as the ESS is a strategy where both players’ choice can
be expressed as 2/3MS1 + 1/3MS2, meaning that nutrient A
is chosen two-thirds of the time. This can be interpreted as a
stochastic strategy where the cell switches from pure MS1 to
pure MS2 randomly. The equilibrium of the replicator dynamics
(Equation 1) corresponds to the mixed NE and the ESS but with
a different interpretation: in a well-mixed population, two-thirds
of the cells will use A while the remaining uses B.
The most complete realization to date of this formalism was
presented in Zomorrodi and Segre [23]. Indeed, Zomorrodi and
Segrè construct different metabolic strategies by setting selected
fluxes to zero to simulate knock-outs, and forcing the excretion
of “leaky” metabolites that can be taken up by neighboring cells.
Payoffs are obtained by maximizing the biomass flux for both
genotypes in each pairwise interaction. Together, these define a
2-player matrix game with 2 or more actions (genotypes). To
determine which genotype(s) are able to persist, the authors
search for Nash equilibria and ESSs using the replicator equation.
As a proof of concept, Zomorrodi and Segrè apply
their framework to study invertase production in the yeast
Saccharomyces cerevisiae: in order to grow on sucrose, the yeast
needs to hydrolyse the sugar molecule. Because invertase is a
surface enzyme, much of the resulting monosaccharides leak
out. Because producing invertase is costly, it constitutes a public
good. This cost is modeled by reducing the ATP production of
invertase-producers. It was found that depending on how much
of the sugar leaks out and on the cost of producing the enzyme,
three different payoff schemes are possible: Prisoner’s Dilemma,
Snowdrift, and Mutually Beneficial.
The authors also studied amino acid mediated ecological
interactions in Escherichia coli. Producer strains leak out amino
acids which are costly to produce, and can be taken up by
mutants lacking the ability to synthesize them. Several different
amino acids were investigated, with up to two at a time spanning
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FIGURE 1 | A metabolic reconstruction. (A) A metabolic network is constructed by joining together reactions whose enzymes are recognized in the organism’s
genome. (B) The most commonly used mathematical representation is the stoichiometric matrix: its rows correspond to the metabolites of the network and columns
to reactions. The entries are stoichiometric coefficients: how much of the metabolite is consumed or produced in the reaction. (C) The flux vector expresses the state
of the metabolism: its entries correspond to reaction rates. (D) Each reaction rate has a lower and an upper bound.
four possible strategies (genotypes). Again, both the level of
leakiness and the cost of production influence the type of
equilibria observed. With low enough levels of leakiness, both
an equilibrium with a full producer coexisting with a complete
auxotroph, as well as cross-feeding are possible. With increasing
leakiness, the full producer becomes non-viable. However, it
was also observed that due to interdepencies in amino acid
production, in some situations cross-feeding is not possible
because losing the ability to produce one amino acid leads to
the loss of the ability to produce the other. Zomorrodi and Segrè
also studied the evolutionary dynamics of these interactions by
performing in silico invasion experiments. They found that cross-
feeding can emerge through the progressive loss of amino acid
synthesis capabilities, and that this mutually dependent coalition
is often stable against invasion by non-producers, consistent with
previous experimental findings [31, 32].
2. YIELD VS. RATE
One of the questions already extensively explored through
applying game theory to metabolism is ATP production. There
is a fundamental trade-off between yield and rate of ATP
production in heterotrophic organisms: some of the free energy
obtained from substrate degradation is needed to drive the
reaction. Increasing the portion of free energy that is used
for driving the reaction increases the rate of ATP production
but lowers the yield. The choice of pathway thus presents a
social dilemma. Choosing the efficient strategy would maximize
resource usage and benefit the population as a whole. However,
if an individual cell chooses to stray from this cooperative path,
its faster growth rate will allow it to increase in numbers and
eventually overcome the cooperators at the cost of the interest
of the community.
In Pfeiffer et al. [33], this question is explored in the context
of respiration vs. fermentation. This paper is to our knowledge
the first to apply game theory specifically to metabolic pathways.
Most organisms can in principle choose to degrade sugar by both
the respiration and fermentation pathways. While fermentation
provides ATP faster, it has a significantly lower yield. Thus,
fermentation can be seen as a wasteful, “selfish” strategy, while
respiration is more efficient in terms of nutrient use.
By constructing a simple population model, the authors show
that while a population of fermenters will be smaller due to
a faster depletion of resources, they can nevertheless take over
a population of respirators due to their faster growth rate.
This constitutes the famous “tragedy of the commons” [34].
However, if a spatial component is added, respirators can have
a chance. This is because at lower nutrient levels, fermenters
will deplete their immediate environment of resources and suffer
the consequences.
Frick and Schuster [35] explore this question further. They too
construct a population model for slow but efficient vs. fast but
wasteful resource use. The authors then interpret the steady state
population densities of both strategies in each different scenario
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FIGURE 2 | Flux Balance Analysis: (1) The starting point is the metabolic reconstruction. (2) The flux space is a space of possible flux vectors v. (3) Constraints are
imposed on the flux space: the steady state condition requires that the net production of all internal metabolites equals zero. This confines the flux vector into a
cone-shaped subspace. The upper and lower bounds (li and ui ) of the reactions bound the cone, establishing a maximum magnitude. (4) Finally, using linear
programming, an objective function (usually a linear combination of certain reaction fluxes that corresponds to a biological objective such as biomass) is maximized to
find the predicted flux vector.
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FIGURE 3 | Schematic overview of the tentative framework for metabolic games: (1) Starting from the metabolic network(s) of one or several organisms, possible
metabolic phenotypes are subdivided into distinct metabolic strategies (denoted by MS1 and MS2 above). (2) Payoffs for each configuration of strategies are
calculated using a method such as FBA. New constraints are added in each scenario to reflect the choice of phenotype implicated by the strategy as well as possible
environmental interactions due to the strategy choices of other players (e.g., changes in substrate availability can be enforced by restricting fluxes of import reactions
accordingly). (3) Predicted configuration(s) of metabolic strategies is determined by looking for the solutions of the game (e.g., finding the Nash equilibria or studying
the dynamics of the strategies).
as payoffs: in this way, the situation is a Prisoner’s Dilemma
with pure respiration forming the cooperation strategy. This is
important because were the growth rates to be taken as the
payoffs, one would conclude that fermentation is the optimal
choice in all instances. However, from the point of view of
sustaining the highest possible population density, cooperation,
that is respiration, is the best choice.
Experimental evidence for the results described above was
provided in MacLean and Gudelj [36]. The authors used yeast
as their model organism and grew pure respirators and respiro-
fermenters together in different culture set-ups. They found that
while the “cheaters” win in a chemostat, in serial batch and
spatially structured populations, the two strategies can coexist.
Schuster et al. [10] critically examined the assumption made
in FBA of maximization of biomass yield. They argued that in
general there is a trade-off between yield and rate, and that
it is not a priori clear which of these conflicting goals would
be selected for. Based on the theoretical results previously put
forth by Pfeiffer et al. [33] as well as several examples from
nature, the authors conclude that maximization of yield cannot
be considered a universal principle.
Aledo et al. [37] also studied the yield vs. rate question but this
time in glycolysis itself, which can operate under two different
regimes: one with a high yield but a slower rate, another with a
low yield but a faster rate. Using a simple matrix game model,
with payoffs derived as functions of extracellular free energy and
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FIGURE 4 | An example of a metabolic game: the choice of nutrient forms the actions of the game. Payoffs are determined using FBA with additional constraints
enforcing both the chosen metabolic strategy as well as the impact of the choice of the co-player. The outcome of the game can be analyzed using either static or
dynamic solution concepts. In this case, both indicate the same result: expected phenotypic heterogeneity.
in agreement with the Prisoner’s Dilemma payoff scheme, the
authors showed that in a well-mixed population, cooperation
cannot persist. In contrast, if the game is played on a lattice so
that players only interact with their neighbors, cooperation is a
possible outcome.
Schuster et al. [38] returned to the question of yield vs. rate.
They presented a toy model representing a simplified version
of ATP production to show that whether maximizing the yield
coincides with maximizing the rate depends on the particulars of
the system. They also further articulated the idea that alternative
pathways can be seen as strategies in the game theoretical sense,
and that “choosing” which pathway to use can happen not
only through changes in genotype, but also through regulatory
changes within the life-span of a cell.
Kareva [39] investigated the yield vs. rate question in the
context of cancer cells where the use of the more inefficient
glycolysis pathway is observed as one of the hallmarks of
cancerous growth and is known as the Warburg effect [40, 41].
However, in contrast to the previous models, the author argued
that the use of glycolysis is the cooperative strategy: while
recognizing the possibility to increase the rate of glucose uptake,
she considered the use of glycolysis to remain detrimental to the
individual cell due to its low yield. Meanwhile, the associated
lactic acid production can benefit the cancer cell population
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as a whole, if undertaken in sufficient numbers, because it
disproportionately harms non-cancerous cells. Thus, glycolysis
can be considered as public goods production. The contradiction
with previous studies is clear. However, in the ODE system used
to model a population of cells with varying rates of carbon
allocated to glycolysis in Kareva [39], it was observed that
glycolytic cells do increase in frequency if they have a faster
growth rate.
In two successive papers [42, 43], Archetti presented a public
goods model of the Warburg effect. He took the same view as
Kareva [39] and considered glycolysis as the cooperative strategy
amongst cancer cells. The benefit accrued by all participants from
glycolysis—increased acidity—is modeled by a double sigmoid
function: increased acidity yields a benefit over healthy cells if
enough cells are producing lactic acid, but too much will start
to hamper the growth of even cancer cells. The dynamics of the
frequencies of glycolytic and non-glycolytic cells were modeled
using the replicator equation. Because an exact solution of the
dynamics for a sigmoid shaped benefit is not available, Bernstein
polynomials were used to find an approximate solution. Archetti
found that if the cost attached to glycolysis is not too high,
glycolytic cooperators can persist at intermediate frequencies.
3. PUBLIC GOODS
Another possible social dilemma within microbial communities
occurs with necessary but costly functions. If a metabolic
function is performed at the cell surface or outside the cell, it
means that the benefit incurred can be shared by other cells
that are possibly not contributing to the undertaking of the
said function. Such a situation is best described by a public
goods game.
Gore et al. [44] studied the invertase production system of
S. cerevisiae described in section . Their model is a sort of mix
between a public goods game and a matrix game: the authors
define payoffs in terms of the fraction of invertase-producers
in the population but then go on to compare these payoff
values to the well-known 2-player games. If the benefits are
linear, cooperation cannot persist unless the benefit derived from
sucrose degradation by the invertase-producer exceeds the cost,
in which case producing the enzyme is not a public good. On
the other hand, with non-linear benefits, frequency-dependent
selection allows for a fraction of the cooperators to persist. This
result was in line with experimental evidence which confirmed
both the coexistence of producers and non-producers as well as
the non-linear benefit function.
A similar model was presented in Schuster et al.[45]. In this
paper, Schuster et al. studied generic exoenzyme production
assuming again that some fraction of the transformed growth
product diffuses directly into the producer cell while the rest is
available to the surrounding community. This time the benefit
from the public good is given by a Monod function modeling the
growth rate attained through the available nutrient. The nutrient
acquired in turn depends on the fraction of cooperators in the
population and cell density, which is a parameter of the model.
The authors conclude that depending on the parameters, the
fraction of public good that diffuses away, the cost of enzyme
production, and the cell density, the model can be seen as a
Prisoner’s Dilemma, a Snowdrift or a Harmony game.
Archetti [46] studied growth factor production in cancer cells
as a public goods game. Growth factor production is costly but
the benefits are available to all surrounding cells. The benefit
function was assumed to have sigmoid shape and population
dynamics weremodeled by the replicator equation. As in Archetti
[42, 43], Bernstein polynomials were used to circumvent the
problem caused by the sigmoid function. Archetti found that
depending on how exactly the fraction of producers influences
the benefit from growth factor, different types of dynamics are
possible: a globally attractingmixed equilibriumwhere producers
and non-producers coexist, the fixation of one type depending on
the initial frequencies, or the fixation of producers regardless of
the initial conditions.
The model presented in Archetti [46] was expanded on in
Archetti [47] by introducing a spatial component. In this model,
cells are placed in the nodes of a Voronoi graph. A Voronoi
graph has the average connectivity of 6, with very few nodes
beyond degree 4–8. Cells receive benefits from growth factors
produced by producer-cells within a neighborhood defined by
a diffusion parameter, discounted with the distance to the focal
cell. The benefit itself is given by a normalized logistic function.
In other words, benefits are non-linear. Archetti found that
similar to well-mixed populations, cooperation declines as the
cost of production increases. Stochasticity in the update rules
used to model proliferation and a steeper benefit function also
decrease cooperation.
4. NUTRIENT CHOICE
Perhaps the best examples showcasing the usefulness of game
theoretic thinking are situations where frequency-dependent
selection leads to polymorphisms in nutrient use. It is often the
case that in a given environment, there is a preferred choice
for the main carbon source. However, in any realistic scenario,
nutrient availability is limited, and it can be beneficial for the
individual to opt for a carbon source that is slightly less optimal,
but abundant due to being the “unpopular” choice.
Doebeli [48] considered the evolution of cross-feeding. He
constructed a model for a bacterial culture growing in a
chemostat, using glucose as its main nutrient. During growth
on glucose, acetate is secreted which can also be used as a
nutrient, albeit with a lower growth rate. Doebeli assumed
that there is a trade-off in using the secondary metabolite:
becoming more proficient in using acetate lowers the ability
to use glucose efficiently. Furthermore, this trade-off is subject
to gradual change through mutations. Bacterial growth and
nutrient concentration was modeled using a Michaelis-Menten
type model.
Using the theory of adaptive dynamics, Doebeli showed that
the frequency-dependent selection following from the trade-off
can lead to evolutionary branching and the emergence of a stable
polymorphism of glucose and acetate specialists. He also found
that if the dynamics are changed to model a serial batch culture
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instead of a chemostat, evolution of cross-feeding becomes much
less likely. In a chemostat culture, the concentration of nutrients
is kept constant, while in a batch culture nutrients are allowed to
be depleted. These results were further expanded and provided
experimental confirmation in Friesen et al. [49].
Kianercy et al. [50] studied the Warburg effect and the
reverse Warburg effect. The reverse Warburg effect refers to the
phenomenon wherein some cells in a tumor use lactate secreted
as a by-product of glycolysis as their energy source. The authors’
model is a 2-player matrix game with two types of players:
hypoxic and oxygenated cells. Both types have the same available
strategies: using either glucose or lactate as their nutrient. Lactate
is secreted by hypoxic cells using glucose. Similarly to Kareva [39]
and Archetti [42, 43], the authors take yields as payoffs. Thus,
using glucose gives a lower payoff for hypoxic cells. The authors
found that there exist two stable states and conclude that lactate
secretion can induce a transition between high and low levels of
glucose consumption.
Healey et al. [51] investigated phenotypic bet-hedging
by experiments and a game theory model. Bet-hedging
refers to a hypothesis that microbes may increase their
survival in fluctuating environments by implementing a
stochastic phenotype. In other words, a genetically homogeneous
population might display two (or more) distinct phenotypes.
In the language of game theory, this would constitute a mixed
strategy. The model system in Healey et al.[51] was S. cerevisiae
that prefers glucose as its carbon source, but also harbors the
GAL network for metabolizing galactose. The game theory model
used was a simple foraging game, where a population of players
must choose between two resources. One of the resources is
the preferred one, and so there is an additional cost associated
with using the inferior resource. However, if all members of the
population have chosen the preferred resource, it is better for
an individual to choose the other. This leads to a stable mixed
equilibrium of users of both resources. Experiments performed
by Healey et al. corroborated this theoretical result.
5. DISCUSSION
In this paper, we presented the idea of a metabolic game and
reviewed the main existing literature on applying evolutionary
game theory to the study of metabolism. Most studies so far
have evoked game theory as an explanatory device, making
use of established knowledge on famous games such as the
Prisoner’s Dilemma to qualitatively describe specific observed
phenomena. We believe that it is possible to go beyond that,
and to develop a formalism for the metabolic modeling of
multicellular and multispecies communities by combining the
ideas behind evolutionary game theory with the existing tools of
constraint-based modeling.
The recent paper by Zomorrodi and Segre [23] is a first
step in this direction. However, there are significant challenges
remaining before the game theoretical perspective can be
taken full advantage of. Namely, properly defining the different
components of a game must be carefully considered in order to
make the models derived as reliable and descriptive as possible.
The first component of a game are the players. They are
the participants in the interaction under study. Many of the
papers discussed in this survey used some form of a 2-
player matrix game to make their arguments. In principle,
this type of game represents a situation where two individuals
face each other in a single interaction to obtain a single
payoff. With this in mind, it seems strange to use this model
when talking about microbial populations. However, when
the matrix game is embedded in the replicator dynamics
or another kind of frequency dependent selection model, it
starts to more closely resemble a microbe culture. In a way,
payoffs are obtained according to who one’s average neighbor
is at any given time, as might be imagined to happen in a
well-mixed culture.
Yet the question remains if pairwise encounters are sufficient
to capture the interaction dynamics of microbes that mainly
influence each other through diffusible molecules. The other type
of model often used is the public goods game. At first glance
it seems to more accurately describe an interaction through
diffusible molecules because it considers several players to take
part in the game at the same time. For example, in the case
of invertase production, it is intuitive to consider the game to
comprise those cells that the released glucose can be assumed to
reach. However, there are some problems with using the public
goods game as a general model. Firstly, the benefit function
must be accurately estimated since its form can greatly influence
the type of dynamics it gives rise to (see for example [46], see
also [44]). This might be difficult to do without experimental
evidence. Secondly, public goods games with non-linear benefit
functions can be difficult to analyse [46], although some progress
has been made in this area recently [52].
Explicit consideration of spatial structure could facilitate
properly defining interacting agents. Even if the underlying
model is a 2-player game, embedding it into a spatial model
so that individuals interact with those around them, and
the changes resulting in the environment from these actions
(depletion of nutrients etc.) happen locally, will be more faithful
to nature. The standard way to represent spatial structure in
game theory is to assign players to nodes in a graph as was
done in Archetti [47]. This approach might be most applicable
to environments such as biofilms. The other option is to use
partial differential equations to include spatial dimensions in the
population dynamics. The main problem with both approaches
is that usually the only analysis possible is through simulations.
Furthermore, parameters such as diffusion coefficients might be
needed to specify the model.
Considering all of the above, it seems that if the goal is to
specify a systematic framework in which a metabolic game can
be defined based mainly on the metabolic reconstructions of the
organisms, the simplematrix game should be themodel of choice.
Indeed, in order to have a computational framework anywhere
close to the simplicity of the original FBA formalism, it seems that
only the high level ideas from game theory, mainly considering
the choice available for one individual in conjunction with the
choices available to their opponents, can be included. This is
already captured by the matrix game. In addition, authors have
arrived at similar conclusions modeling the same situation with
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various more complicatedmodels [44, 45] and the simpler matrix
game [23].
With regard to the choice of action/strategy space, the
question is mostly a technical one. In principle, a game
constructed on the basis of metabolic networks would consider
as available actions the range of feasible metabolic behaviors, in
other words, the flux cone [53, 54]. However, from a practical
standpoint it is evident that some abstraction is needed. Firstly,
in order for a matrix game to be defined, the action space needs
to be discretized. Secondly, with the number of reactions and thus
of flux values to be defined routinely reaching to thousands, the
game would surely quickly become intractable.
Several approaches to a decomposition of the flux cone have
been proposed. Most notably, three related concepts, elementary
flux modes [55, 56], extreme currents [53], and extreme pathways
[57] all formulate a mathematical definition of a pathway using
concepts from linear algebra and convex analysis. Using such
concepts, the space of available metabolic phenotypes can be
characterized in terms of which reactions are active, each set
corresponding roughly to separate biochemical pathways that
are able to operate at a steady state. Unfortunately, the number
of elements in such a decomposition grows exponentially with
the size of the network [58–60]. It might thus be impossible in
practice to define the action space simply using these concepts, at
least at the level of genome-scale reconstructions. De Figueiredo
et al. [61] have offered a possible amendment by proposing an
efficient procedure to compute elementary flux modes in order
of increasing number of reactions.
Other concepts worth exploring are the phenotypic phase plane
put forth by Edwards et al. [62] and the flux tope by Gerstl et al.
[63]. A phenotypic phase plane is defined by the uptake rates of
two nutrients. The optimal metabolic behavior is calculated at
each point of the plane using a biomass function. It turns out that
such a plane is divided into a finite number of distinct regions
with qualitatively different metabolic behavior. A flux tope is
obtained by specifying a direction for all reversible reactions. It
corresponds to a maximal “pathway” (as opposed to a minimal
one, such as an elementary flux mode). The authors report that
the calculation of all flux topes is possible even at a larger scale.
In Zomorrodi and Segre [23], available metabolic actions
were not defined explicitly in terms of flux distributions but
rather by excreted compounds. One or several metabolites of
interest were first forced to be exported and hence produced (or
alternatively to not be produced simulating auxotrophy), after
which the metabolic state can be determined using standard
optimization principles with the additional constraints. There are
compelling arguments for defining actions in metabolic games
using extracellular compounds. In general, microbial interactions
are often mediated by the exchange of molecules. By focusing on
these compounds, the elements of the action space have a clear
interpretation in the context of interaction. The set of possible
secretions is also much more tractable than the space of all
possible metabolic phenotypes.
Interactions based on extracellular metabolites were
characterized from a slightly different point of view in Klitgord
and Segre [64]. The authors asked whether it is possible to predict
species interactions based on culture media. Using genome-scale
stoichiometric models they tested whether growth of two
organisms was possible in isolation and in tandem in a given
medium. This approach showed examples of both mutualistic
and commensal relationship induced by growth media.
Wintermute and Silver [65] used a similar model to study the
exchange of metabolites. The authors showed how the costs and
benefits of extracellular metabolites can be estimated using the
concept of shadow prices from constraint-based analysis. The
shadow price of a metabolite can be understood as a measure of
how much the objective, for example biomass flux, would change
if the production of the said metabolite changed. Such an analysis
could be very useful for metabolic games since it allows one to
compute both the cost of producing a diffusible molecule as well
as the benefit derived from it by the organism that is able to
receive it.
In a thesis work, Wannagat [66] showed how to compute the
minimal sets of compounds two organisms need to exchange in
order to be able to grow. Here the approach was qualitative and
was used to categorize interactions in terms of their type, but such
a procedure could be used also to define the action space in a
metabolic game.
Finally, in order to construct a game, one needs to define
the payoffs. This is arguably the most crucial step since the
payoff values will largely determine the predictions of the model.
There is a particular importance to not only qualitatively, but
also quantitatively establish accurate payoffs here since the
hope is for metabolic game theory to match the predictive
ability of FBA. One example from the literature discussed in
this paper highlights both the importance and the difficulty in
defining payoffs.
In several papers [10, 33, 35, 36], fermentation in the presence
of oxygen is seen as a classic “cheater” strategy. From an
individual’s point of view, the inefficiency of fermentation in
terms of yield is not “seen”: what the cell experiences as the
consequence of its choice is a growth rate exceeding that of its
conspecifics. The result of a wasteful use of resources is only
felt at the population level, resulting in a lower sustainable cell
density. This is the (in)famous Prisoner’s Dilemma. However,
when essentially the same situation has been discussed in the
context of cancer [39, 42, 47], a completely opposite view has
been adopted. Here, fermentation was seen as the cooperation
strategy. For example, Archetti [42] described using fermentation
as a contribution to a public good, the cost of the action being the
loss in yield compared to respiration. While it can be argued that
the underlying biology is very different for single-celled microbes
and cancerous tissue, the discrepancy is still puzzling.
The problem of properly defining payoffs in the yield vs.
rate dilemma is related to that of normalization in FBA [10].
In order to “ground” the flux vector, normalization is needed.
A common choice for a numeraire is the uptake of a primary
nutrient. The fact that maximization of flux through the biomass
reaction in FBA leads to a de facto maximization of biomass
yield follows from this operation. Consider now the situation
in ATP production. If the value of the objective function in
a standard FBA approach is taken as the payoff, respiration
is a better strategy than fermentation. However, as already
discussed, a fermenter can outgrow its respiring neighbor. From
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the perspective of evolutionary game theory, it is thus clearly
the winner, and its payoff should reflect this fact. However, if
we simply switch the payoff from yield to actual rate of biomass
production, two fermenters would also obtain the highest payoff
together. This is because we have assumed in a simplified
way that the external resources are infinite, and hence two
fermenters are able to sustain the increased uptake of nutrients
they achieve in the presence of respirators. In order to arrive at
the Prisoner’s Dilemma payoff structure, we need to take into
account that if everyone uses fermentation, it can no longer
provide the benefit it has over respiration because of a depletion
of nutrients.
The above example showcases the difficulty in appropriately
quantifying the outcomes in a metabolic game. Optimization
of an appropriate objective function can certainly accurately
identify “catastrophic” outcomes where growth is not possible,
but when conclusions are drawn as to which metabolic
strategy would win in intra- or interspecific competition,
caution is warranted. One must make sure that the quantity
under consideration is apt to decide the winner(s) in an
evolutionary sense.
The definition of the action space can also offer a way
to quantify the payoffs. For example, if different metabolic
phenotypes are characterized by imported and exported
metabolites, benefits and costs can be calculated following [65].
This could open the way for a more systematic definition of
public goods games using only the knowledge obtained from
metabolic models.
To further develop these ideas, finding new suitable model
organisms, especially for interspecies interactions, would be of
great interest. However, if a generally applicable framework
for metabolic games is desired, it is important to avoid over-
fitting the model to specific situations. Since for single-species
communities the work of Zomorrodi and Segre [23] already
offers an excellent starting point, a good goal for future research
would be a systematic definition of the action space that
does not rely on context-specific biological information. With
regard to multispecies interactions, this area of research remains
less explored. Thus, even a proof of concept application with
metabolic strategies derived based on biological knowledge
would be desirable.
Besides games, other models from economics have generated
interest in the field of microbiology. The concept of comparative
advantage [67] was thus applied to gene circuits in Enyeart
et al. [68]. The authors showed that when two bacterial
species trade signaling molecules necessary for survival, they
both enjoy improved growth, as predicted by the theory
of comparative advantage. Tasoff et al. [69] used general
equilibrium theory [70] to understand the mutualistic exchange
of compounds between micro-organisms. The authors argued
that comparative advantage is a necessary condition for
the exchange to take place. This theory can be further
extended to several organisms exchanging multiple compounds.
Other concepts that have been suggested for applications
in the microbial context include avoidance of bad trading
partners, establishment of local business ties, diversification or
specialization, monopolization of a market, and elimination of
competitors [71].
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